In this work, we present a new algorithm for detecting faults in grid connected photovoltaic (GCPV) plant.
Introduction
In recent years the photovoltaic market has developed rapidly throughout the world. A significant factor leading to this large growth in the PV industry is the reduction of PV generation costs. In addition, most developed countries have implemented specific governmental strategies to encourage the introduction of grid connected PV plants.
Successful examples can be seen in Germany, Japan and Kenya [1] . This important growth has not, however, been accompanied by similarly significant improvements in the field of PV system fault diagnosis and detection. Most PV systems, currently in use, operate without any supervisory mechanism. These tend to be PV systems with power outputs below 25 kWp [2] . However, following the fast growth of PV installations, fault detection techniques nowadays are important to be deployed in smaller scale PV systems which do tend to be 25 kWp or less.
The need for higher performance, efficiency and reliability for grid-connected PV (GCPV) systems has led to a recent interest in fault detection algorithms. Different factors can be responsible for the production losses in a PV system, including; maximum power point tracking (MPPT) unit error [3 and 4] , wiring losses and ageing [5] , shading effect [6 and 7] , PV micro cracks effect [8 and 9] , snow accumulation on the surface of PV solar panels [10] and faulty DC/AC inverters [11] .
There are several existing techniques which have been developed for fault detection in grid connected PV plants. Tadj et al [12] proposed an algorithm that use a satellite data for detecting faults using GISTEL approach. The algorithm is able to detect several faulty conditions in PV systems such as partial shading effect, faulty PV modules and faulty PV string. However, some algorithms do not require any climate data (solar irradiance and module temperature) but instead use earth capacitance measurements in a technique established by Taka-Shima [13] , this approach follows three PV performance diagnosis layers, starting with passive diagnosis part, then fault separation method and ending with active layer which contains the fault location in a PV string.
Other fault detection algorithm techniques are based on a diagnostic signal which indicates a possible fault occurring in the GCPV plant such as short circuit fault in any bypass diodes in PV string, shunted bypass diode fault and connection resistance fault between PV modules [14] . In [15] , authors proposed a reliable fault detection method for GCPV systems. The method was developed using two algorithms based on artificial neural network (ANN) and theoretical I-V curve characteristics.
The development of a fault detection algorithm which allows the detection of seven different fault modes on the DC-side of a GCPV system is presented by M. Dhimish & V. Holmes [16] . The algorithm used a t-test statistical approach for identifying the presence of system fault conditions. R. Platon et al [17] proposed a fault detection algorithm which focuses on the AC-side of the GCPV system. The approach uses ±3 standard deviation statistical analysis technique.
In addition, hot-spot detection in photovoltaic substrings using AC parameters characterization was developed by [18] , the approach is used to detect the number of shaded PV modules in a PV string, where the algorithm proves that the hot spot detection can be achieved with two frequency measurements: one for the higher frequency capacitive region and one for the low frequency DC impedance region. The analysis of the current and voltage indicators in a GCPV system operating in partial shading faulty conditions is explained by Silvestre et al [19] , this approach is using the relationship between the ratios of the current in case of one faulty string and fault free operation mode. In addition to the ratio between the voltage ratios in case of one bypassed PV module and fault free operation mode.
In this work, we present the development of a fault detection algorithm which allows a simultaneous detection of faults occurring in a GCPV plant. The algorithm uses the theoretical and measured power outputs from the GCPV plant. Initially, the measured output power is compared with the theoretical power. Subsequently, a statistical t-test technique is used to check the location of the fault which has occurred on the system. Two parameters are calculated and used in order to determine the type of fault: The power ratio (PR) between the simulated and measured power; and the voltage ratio (VR) between the simulated and measured voltage. Fig. 1 shows all types of faults which can be identified by the proposed fault detecting algorithm. It can be observed that faults occurring in GCPV plants can be classified into two main categories:
 Faults in the data acquisition  Faults in the DC-side of the GCPV system This paper is organized as follows: section 2 presents the data acquisition in the GCPV plant. Section 3 describes the methodology used, Fault detection algorithm and diagnosis rules are presented, while section 4 lists the results and discussion of the work. Finally, section 5 describes the conclusion and future work.
GCPV Plant and Data Acquisition
The PV system used in this work comprises a GCPV plant containing 9 polycrystalline silicon PV modules each with a nominal power of 220 Wp. The photovoltaic modules are organized in 3 strings and each string is made up of 3 series-connected PV modules. Using a photovoltaic connection unit which is used to enable or disable the connection of any PV modules from the entire GCPV plant, each photovoltaic string is connected to MPPT which has an output efficiency not less than 98.5%. Subsequently, each MPPT unit is connected to a DC/AC inverter unit manufactured by Victron Energy. The efficiency of the DC/AC unit is in the range 94% to 88% [20] . The DC current and voltage are measured using the internal sensors which are part of the Flexmax MPPT unit and DC/AC inverter.
A Vantage Pro monitoring unit is used to receive the global solar irradiance measured by a Davis Weather Station which includes a pyranometer. The pyranometer is placed at the same tilt and azimuth angel as the PV installation at 42° and 185° respectively. The Hub 4 communication manager is used to facilitate the acquisition of module temperatures using the Davis external temperature sensor, and the electrical data for each photovoltaic string.
Finally, Virtual Instrumentation (VI) LabVIEW software is used to implement the data logging and monitoring functions of the GCPV system. Fig. 2 illustrates the overall system architecture of the GCPV plant. The DC side of the GCPV system is modelled using 5-parameters model. The voltage and current characteristics of the PV module can be obtained using the single diode model [21] as illustrated in (1). where ℎ is the photo-generated current at STC , is the dark saturation current at STC, is the module series resistance, ℎ is the panel parallel resistance, is the number of series cells in the PV module and is the thermal voltage and it can be calculated using (2).
where the ideal diode factor, is Boltzmann's constant and is the charge of the electron.
The five parameter model is determined by solving the transcendental equation (1) using Newton-Raphson algorithm [21] based only on the datasheet of the available parameters shown previously in Table 1 . The power produced by PV module in watts can be easily calculated along with the current (I) and voltage (V) that is generated by equation (1), therefore, Ptheoretical = IV.
The Current-Voltage (I-V) curve analysis of the tested PV module is simulated using LabVIEW software as shown in Fig. 3 . The maximum current and voltage for each irradiance level under the same temperature value can be expressed by the I-V curves. The purpose of the I-V curve analysis, is to generate the expected output power of the examined PV modules. The analysis of the I-V curve can be used to predict the error between the measured PV data and the theoretical current and voltage performance.
GCPV Fault Detection Algorithm
The main objective of the fault detection algorithm is to detect and determine when and where a fault has occurred in the examined GCPV plant. The algorithm uses the climate data that is collected using the Davis weather station and the internal sensors of the MPPT units. Furthermore, LabVIEW software simulates the theoretical I-V curve of the GCPV system as shown in Fig. 4a . The t-test statistical analysis method is used to compare the theoretical and measured output power of the GCPV system. The t-test is evaluated using (3) where is the mean of the samples, is the population mean, n is the sample size and SD is the standard deviation of the entire data. The real-time measurements are taken by averaging 60 samples taken at 1 minute intervals. The results obtained for power, voltage and current are calculated at one minute intervals for each sample set. To determine whether the t-test analysis is significant, a threshold value of 2.68 was used as shown in Fig. 4b , this threshold has been used since it is the theoretical threshold of the t-test for a confidence interval equals to 99% [22] . However, the threshold could be chosen as 1.64 if the values of the simulated power by the PV system has low degree of accuracy (in case MPPT unit is not used with the PV plant) [22] .
To determine the value of the t-test, firstly the GCPV power simulation (theoretical power) is compared with the output measured power. Then the value of the t-test is taken from Fig. 4b based on the confidence limit needed in the simulation. In this paper, the confidence limit and the number of samples that have been used are equal to 99%
and 60 respectively. Finally, if the t-test value is above the threshold 2.68, therefore, a fault has been detected in the PV system which means that the proposed fault detection algorithm is activated as shown in Fig. 4c .
The proposed fault detection algorithm will be activated if the value of the t-test is higher than 2.68. Fig. 4c describes the fault detection algorithm. The algorithm is capable of detecting multiple faults such as: faulty PV module in a PV string, two faulty PV modules in a PV string, faulty PV String, partial Shading (PS) with and without faulty bypass diodes in the PV string and Faulty MPPT. The Fault detection algorithm is used to determine the type of the fault in the DC-side of the examined GCPV system. Two ratios have been identified. PR and VR have been used to categorize the region of the fault because both ratios have the following features:
1) Both Ratios are changeable during the faulty conditions in the GCPV plant.
2) When disconnecting a PV module in a series PV string, the VR will decrease significantly.
3) When the PR is equal to zero, the VR can still have a value regarding the voltage open circuit of the PV modules.
PR and VR ratios are calculated using (4) and (5) respectively.
where ℎ is the theoretical output power generated by the GCPV system, is the measured output power from PV string, ℎ is the theoretical output voltage generated by the GCPV system and is the measured output DC voltage from PV string.
Based on the analysis of the PR for the GCPV system, numerical calculations for the DC-side fault rules are shown in Fig. 5a . Since the internal sensors of the MPPT have a conversion error rate of 98.5%, the power ratios are calculated at 1.5% error tolerance of the theoretical power which presents the maximum error condition for the examined GCPV system. The values are calculated according to the set of conditions shown in Fig. 5a .
The maximum and minimum PR and VR ratios are expressed by (6-9) which contains the tolerance rate of the MPPT units and the total number of PV modules in the PV string:
Where n is the number of faulty PV modules and P0 is the peak power of the PV module at STC.
The number of faulty PV modules are expressed by the number of PV modules in the examined PV string. For example, if the PV string comprises 3 photovoltaic modules connected in series, therefore, n = 3. Additionally, the peak power can be found in the data sheet of the examined PV module. Additionally, in this paper, a faulty PV module corresponds to a short-circuited PV module.
Voltage ratios are used to identify the fault type occurring in the GCPV system. The theoretical short circuit current of the GCPV system is 8.18A. For all partial shading conditions if the measured short circuit current is less than 98.5% of the theoretical short circuit value which is equal to 8.057A, a faulty bypass diode has been detected in the GCPV system, this is acknowledged by shading identification region The decision between examined faulty cases are illustrated in Fig. 5b . For example, when the PR is equal to 1.5, the algorithm has to decide the fault type based on the calculated VR. Therefore, if the VR is between 1.5 and 1.5233, faulty photovoltaic module is detected in the GCPV plant otherwise, partial shading has been occurred as specified by SIR identification region.
It is expected that fault detection algorithm can be used on GCPV plants. By applying (6-7) for the PR calculations and (8-9) for the VR calculations, it is possible to generate a fault detection rule. Moreover, fault condition regions strongly depend on the number of PV modules present in each PV string. In this work, all calculations are based on the use of three module PV strings. In addition, it is necessary to consider the percentage of MPPT error and the number of modules in each PV string. The estimation for the maximum percentage error varies from a GCPV plant to another. The proposed fault detection algorithm used a value of 98.5% as a maximum tolerance rate, since the MPPT generates a measured power greater than 98.5% of the theoretical simulated power. 
Results and Discussion
In this section, the performance of the proposed fault detection algorithm is verified. Four different sub-sections are demonstrated: the normal operation and sleep mode, detect faults in the data acquisition, performance evaluation for the fault detection algorithm, and a discussion section which illustrates the difference between the proposed PV fault detection algorithm with recent developed fault detection algorithms in PV systems. The acquired data for various days have been considered. The time zone for all measurements is GMT, taken in Huddersfield, UK.
Normal Operation and Sleep Mode
The Normal operation and sleep mode for the GCPV system is shown in Fig. 6a . Starting from 6:00 and ending at 6:21, the GCPV system is in sleep mode where the GCPV system has not yet received any solar irradiance to generate output power. However, between the time 6:22 and 19:41, the GCPV system is in the normal operation mode.
The measured DC and AC power is very close to the theoretical DC and AC output power. According to the achieved results of this test, the output power efficiency for both the DC/DC converter and DC/AC inverter is equal to 98.89%
and 92.7% respectively. Fig. 6a shows that the GCPV system is stable for all variation of the measured sun irradiance levels.
Detecting Faults Caused by Data Acquisition System
There are multiple faults which might occur in the GCPV system due to the data acquisition units such as:
 Running VI LabVIEW software: errors in loading graphs and saving data.
 Delay in Data Logging: delay in the readings obtained by the internal sensors of the DC/DC or DC/AC units.
As shown in Fig. 6a , the VI LabVIEW software stopped logging the measured and theoretical data between 13:27 and 13:55. This type of fault might occur in the running software due to VI LabVIEW version updates and the multiple functions which the software handles at the same time. It is therefore required to create a structural code for the VI LabVIEW software before the data collection step.
Performance Evaluation for The Proposed PV Fault Detection Algorithm
In order to test the ability of the fault detection algorithm, described previously in section 3.3, a number of experiments were conducted over a period of a full day. Table 2 shows the start and end time for each experiment that has been examined in the GCPV system. Ten different case scenarios were tested sequentially, between 6:00 and 20:24. Brief description on how the GCPV system was perturbed is shown in Appendix B.
As shown in Fig. 6b , starting from 6:21, the GCPV system starts to generate output power after the sleep mode is finished. The GCPV system operates in a normal operation mode until 10:00, where the PR and the VR of this case are equal to 1.012 and 1.18 respectively as illustrated in Figs. 7a and 7b.
(a) (b) Fig. 6 Real time long term data measurements of the examined GCPV Plant a GCPV system theoretical and measured output DC and AC power in a normal operation mode, sleep mode and detecting the fault in the data acquisition due to faulty data logging using VI LabVIEW software b GCPV system theoretical DC output power vs. measured output DC power under 10 different case scenarios
One faulty PV module is conducted in the first PV string between 10:00am and 11:00am. The PR and VR for this particular case are equal to 1.511 and 1.502 respectively. Two faulty PV modules in the second PV string are tested between 11:00 and 12:00. In this case, the PR for the second PV string is equal to 3.021, while the first and third PV strings operate in normal operation mode.
By disconnecting one PV module and applying a 30% partial shading, using an opaque paper object, to the third PV string as shown in Fig. 7a between 12:00 and 14:00, the PR is equal to 2.36. Additionally, the measured short circuit current is used to detect possible faults in the bypass diode for the examined PV string. Fig. 7c shows the variations of the measured short circuit current for the GCPV system. As described previously in section 3.3, the theoretical upper and lower limits for the short circuit current are equal to 8.18A and 8.0571A respectively. A faulty bypass diode is detected by the algorithm between 13:00 and 14:00. In this case, the measured short circuit current lies between 5.6A and 5.9A.
The only difference between a faulty MPPT unit and faulty PV string is that the VR ratio maintains a value greater than 1. Faulty MPPT and faulty PV string conditions are tested between 14:00 and 16:00 in different PV strings.
VR and PR for a faulty MPPT is equal to 1000 for the first PV string as shown in Figs. 7a and 7b. However, the PR and VR ratios for the faulty PV string tested between 15:00 and 16:00 on the second PV string is equal to 1000 and 1.003 respectively.
From 16:00 until 20:24 no faults occurred in the GCPV system and the sleep mode of the system starts when the PR and VR is equal to zero at 19:41.
All obtained results for the various test conditions indicate that PV fault detection algorithm has a high detection capability, there is no evidence of any errors in the detecting algorithm while conducting different fault case scenarios at different PV locations. The time and the type of fault is recognized by the algorithm. 
Discussion
In order to test the effectiveness of the proposed fault detection algorithm, the results obtained have been compared with the multiple fault detection algorithms presented in [14-17 and 25] . The comparison between the outputs given by our proposed algorithm and five recent fault detection methods are shown in Table 3 .
It can be seen that, different case studies have been examined for each of the methods, whereas the fault detection algorithm proposed in this paper can only diagnose all examined case studies. None of the reviewed fault detection algorithms can identify hot spots and dust levels in GCPV systems. It is necessary, therefore, to carry out further work in these areas with a view to including the detection of these faults in a future generic advanced algorithm.
Even though [17] is using statistical analysis technique in a PV detection algorithm however, the presented technique cannot identify any type of faults occurred in the PV installation.
The proposed algorithm has used two ratios (VR and PR) which are similar to the power and voltage ratios described by Silvestre et al [23] . However, the proposed approach used in [23] does not detect any failures in the AC side of the examined GCPV systems. Similar power and voltage ratios have been reused by Mohammed et al [11] , but this algorithm is using the estimation of the hourly solar radiation using GISTEL model which has been improved by a fuzzy logic rules, the algorithm is not capable of detecting several faults such as, faulty MPPT unit and faulty bypass diodes associated with the PV modules. 
The combination between the DC side and AC side power ratio can be used to detect possible faults in the GCPV plant as described by W. Chine et al [14] . This approach is different than the proposed algorithm used in this paper by the following:
1. This paper divided the DC side power ratios into two different indicators and calculated using (6-9), which makes the algorithm easier to use with larger PV installations later on.
2. This paper shows how to detect faulty bypass diodes with partial shading conditions affect the GCPV system.
However, [14] does not have this feature as illustrated in Table 3 .
Nowadays, some articles use machine learning techniques such as the artificial intelligent networks (ANN) in order to detect faults in GCPV systems. W. Chine et al [15] demonstrate an ANN fault detection approach used with PV systems. The approach is focused on faulty conditions such as inversed bypass diodes, shunted bypass diodes and short circuit fault in bypass diodes. Only a faulty bypass diode with partial shading effect is presented by this paper.
Several statistical analysis techniques have been used to detect possible faults in GCPV plants. A regression algorithm for diagnosis faults in PV generators has been illustrated by Wail et al [24] . However, M. Dhimish et al [25] used another statistical analysis technique called t-test, which is similar to the work presented in this paper. However, this the proposed technique by [25] cannot detect faulty PV strings in the GCPV plant. In addition, the algorithm is not capable of detecting faulty bypass diodes associated with the PV modules and faulty MPPT unit. Few other approaches used standard divination (σ) limits, either ±3σ or ±σ such as [11, 13 and 17] .
Finally, The VI LabVIEW monitoring unit used to implement the fault detection algorithm is briefly illustrated and explained in [26] . 
Conclusion
PV fault detection algorithm for a GCPV plant based on t-test statistical approach is proposed and verified using a 1.98 kWp GCPV system. The proposed fault detection algorithm facilitates the detection of various faults on the DC-side of the GCPV system. In order to identify failures in the GCPV system, we have defined two indicators namely, PR and VR. By using both ratios it is possible to determine the PV faulty type, time and marking the string which contains any faulty PV modules (it cannot identify the faulty modules within the PV string). The graphical user interface (GUI) was created to monitor the status of the existing system using VI LabVIEW software.
A novel contribution of this research is the use of a new statistical approach to identify failures on the DC side of the GCPV plant based on real-time, long-term field data measurements.
In the future, it is intended to create a generic fault detection algorithm to detect multiple faults in the GCPV systems based on artificial intelligence machine learning techniques. Also, it is possible to enhance the proposed fault detection algorithm by adding another fault detection layer which can examine PV cracks. 
